The interplay between environmental attributes and evolutionary processes can provide 13 valuable insights into how biodiversity is generated, partitioned, and distributed. This 14 study investigates the role of spatial, environmental, and historical factors that could 15 potentially drive diversification and shape genetic variation in Malaysian torrent frogs. 16
INTRODUCTION 32
Genetic variation forms the building blocks on which evolution acts on and plays a 33 crucial role in the diversification and adaptability of a species (Dobzhansky, 1937; 34 Lewontin, 1974; Mayr, 1954 ). An important evolutionary process that underlies genetic shaping genetic variation is a key focus of landscape genetics-with a number of studies 70 suggesting that environmental adaptation may play an important role in population 71 divergence (Sexton, Hangartner, & Hoffmann, 2014; Leamy et al., 2016) . 72
Disentangling adaptive (IBE) from neutral processes (IBD, IBC) can be 73 challenging (Wang & Bradburd, 2014) . For example, patterns of genetic differentiation 74 generated by IBD can be similar to that of IBE when geography is correlated with 75 environmental variation (Meirmans, 2012) . Distinguishing patterns generated by founder 76 events (IBC) from IBD and IBE can also be complicated because they can be influenced 77 by several processes: local adaptation can reinforce founder events resulting in patterns 78 similar to IBE (De Meester et al., 2002) , and colonization can produce allele frequency 79 gradients similar to IBD or IBE because colonization routes often covary with 80 environmental gradients (Orsini et al., 2013a; Nadeau et al., 2016) . Because selective 81 environmental gradients, geography, and colonization routes are often spatially 82 correlated, decoupling the relative effects of adaptive from neutral processes can be 83 problematic. 84 Peninsular Malaysia is one of the most biodiverse yet highly threatened regions in 85 Southeast Asia (Myers et al., 2000) . New species are being discovered at an 86 Grismer, 2019). Unfortunately, deforestation and habitat loss (Sodhi et al., 2004; Hansen 90 et al., 2013) are occurring at a similarly-increasing pace. Despite this imminent crisis, no 91 5 studies of vertebrates have yet investigated processes involved in shaping genetic 92 diversity across the region's highly heterogeneous landscape. Recent phylogenetic studies 93 have shown that numerous species of amphibians and reptiles are endemic to specific 94 mountain ranges (Wood et al., 2009; Grismer et al., 2012 , Chan et al., 2014 2018a; Sumarli et al., 2016) , indicating that landscape characteristics may play an 96 important role in shaping genetic diversity. In this study, we analyze genome-wide SNP 97 data within a landscape genomic context, to investigate the factors that shape genetic 98 differentiation in Malaysian torrent frogs (genus Amolops). 99
Torrent frogs are widely distributed across Asia from northeastern India, southern 100
China, and southwards throughout mainland Southeast Asia (Frost, 2018). Throughout 101 their range, torrent frogs are highly specialized and ecologically conserved -only 102 occurring in torrential zones of boulder-strewn forest streams. Adults and tadpoles 103 possess adaptive morphological characters (expanded toe pads in adults; oral disc and 104 abdominal sucker in tadpoles), and larval development is dependent on the high 105 concentration of dissolved oxygen provided by fast-moving water (Nodzenski & Inger, 106 1990; Pham et al., 2015) . We hypothesize that these strict ecological requirements could 107 potentially impose tight constraints on dispersal routes, gene flow, and consequently 108 genetic structure, especially when contextualized across a highly heterogeneous 109 geographic template such as Peninsular Malaysia. 110 The landscape of Peninsular Malaysia (PM) is largely characterized by mountain 111 ranges that transect the peninsula longitudinally. Three species of torrent frogs widely 112 occur along river networks throughout these mountain ranges, but not in the intervening 113 flatlands where habitat is unsuitable. Amolops larutensis occurs on the Bintang and 114 6 Titiwangsa ranges along the western half of PM (shaded orange in Fig. 1 interbreeding at one locality where the Titiwangsa and Eastern ranges contact ( Fig. 1) . 121
This alludes to a complex scenario of divergence and secondary contact that may be 122 influenced (in part) by landscape variables, especially mountain ranges. Therefore, the 123 objectives of this study are to: (i) test the prediction that the spatial configuration of 124 mountain ranges may play a role in partitioning genetic variation (Mountain Range 125 7 larutensis, A. gerutu, and A. australis; Chan et al., 2018). Samples were obtained from 20 138 unique localities across all major mountain ranges in Peninsular Malaysia and genotyped 139 at 17,123 unlinked SNP loci ( Fig. 1 ). Details on genomic sequencing, data assembly, and 140 species delimitation are beyond the scope of this study and can be obtained from Chan et 141 al. (2017, 2018) . 142
Genetic distances were represented by pairwise population F st values that were 143 calculated using GENODIVE v2.0b27 (Meirmans & Van Tienderen, 2004) . Due to the high 144 level of interspecific divergence, missing data were imputed using population allele 145 frequencies prior to F st calculations. Geographic distances were transformed into 146 distance-based Moran's eigenvector maps (dbMEM) for use as an independent spatial 147 variable in subsequent ordination analyses (Legendre, Fortin, & Borcard, 2015) . The 148 dbMEM analyses was performed in the R package 'adespatial' using the function dbmem 149 which first calculates a Euclidean distance matrix among all populations. The threshold 150 value thresh for the truncation of the geographic distance matrix was set as the length of 151 the longest edge of the minimum spanning tree. All distances that were larger than the 152 truncation threshold were modified to 4*thresh. A Principal Coordinates Analysis 153 (PCoA) was then performed on the modified matrix and eigenfunctions that model 154 positive spatial correlation (Moran's I larger than expected value of I) of the dbMEMs 155 were retained as spatial variables. A forward selection procedure was performed to 156 reduce the number of dbMEMs (Blanchet, Legendre, & Borcard, 2008) . 157
Environmental variables were derived from categorical (mountains and rivers; 158 To test the Mountain Range Hypothesis, populations from the same mountain ranges 160 8 were assumed to exchange genes freely and were given a low resistance value of 1. 161
Populations from different but adjacent mountain ranges were given a value of 10 and 162 populations from non-adjacent mountain ranges (e.g. between western and eastern 163 ranges) were given a value of 100 ( Fig. 2A) . These values were selected because of the 164 limited dispersal abilities of Amolops that have been shown to move freely within its own 165 stream network, but does not disperse across intervening unforested lowlands that 166 populations that occurred within the same major river basin were given a low resistance 172 value of 1 and populations that occurred in separate basins were given a resistance value 173 of 10 ( Fig. 2B ). 174
For continuous landscape variables, raster data for forest cover were derived from 175 a 2015 land cover map of Southeast Asia at 250 m spatial resolution (Miettinen, Shi, & 176 Liew, 2016) obtained from the Centre of Remote Imaging, Sensing, and Processing 177 (CRISP) at the National University of Singapore ( 2015; Legendre et al., 2015) . Given these advantages, constrained ordination methods 212 such as dbRDAs represent more robust, and methodologically improved alternatives to 213 formerly widely adopted spatial analyses of population structure. 214
A dbRDA analysis was implemented to assess the significance and relative 215 contribution of IBD, IBE, and IBC to genetic variation. Because dbRDA requires 216 independent variables to be site-specific, the pairwise resistance matrices from 217 CIRCUITSCAPE were summarized by population using a negative exponential distribution 218 kernel that represents a connectivity index based on the Incidence Function model: 219
S i is the connectivity index for the cell i, α is a scalar correlated with average dispersal 221 distance of the species, and d is the resistance value between sites i and j (Moilanen & 222 Nieminen, 2002; Kierepka et al., 2016) . Because no empirical data is available on the 223 average dispersal distance of Amolops, α was set to a value of 1. We consider this value 224 to be reasonable given the similarity in ecology/behavior of Amolops that does not 225 suggest different average dispersal distances among populations or species. All 226 independent variable matrices were scaled to a mean of zero and a variance of one prior 227 to dbRDA analyses. The dependent variable (genetic distance) was left untransformed 228 because the dbRDA analysis transforms this variable using PCoA and extracts all PCoA 1 1 vectors that have positive eigenvalues. To inspect the potential correlation between 230 independent variables, a correlation analysis was also performed. For brevity, the 231 independent variables will be referred to as Distance (dbMEMs of geographic distance), 232
Ancestry (east-west Q-matrix), and Mountains, Rivers, Forest, and Habitat for the 233 resistance matrices representing mountain ranges, river basins, forest cover and habitat 234 suitability respectively. 235
The dbRDA analysis was first performed on the entire dataset that included both 236 the western and eastern lineages. A potential problem that could arise from analyzing 237 datasets which include a large range of genetic divergences is that strong signals (e.g. 238 diversification of the western and eastern lineages) could potentially overwhelm weaker 239 signals which could be acting independently on populations within the constituent 240 lineages. Additionally, assessing the contribution of specific variables responsible for 241 within-or between-lineage diversification would be problematic due to non-242 identifiability issues inherent in a hierarchical dataset. To circumvent these problems, the 243 dbRDA analysis was also performed on separate datasets consisting of eastern and 244 western populations exclusively. 245
The dbRDA analysis was first performed separately on each independent variable 246 using the R function capscale in the package 'vegan' (Oksanen et al., 2017) . To parse out 247 the effects of spatial autocorrelation, a partial ordination analysis was subsequently 248 performed by conditioning each variable on geographic distance. Statistical significance 249 of models was assessed using 999 permutations. In addition to the R 2 statistic, adjusted 250 R 2 (R 2 adj ) was also calculated to adjust for multiple predictors in the model. The best 251 overall model was assessed using a forward and backward selection procedure (Blanchet then approximated using resistance distance that integrates all possible migration routes 269 between two demes. The estimation procedure adjusts migration rates for all edges so that 270 genetic differences expected under the model matches the observed genetic differences 271 from the data. These estimates were then interpolated across the habitat to produce an 272 estimated effective migration surface, EEMS (Petkova et al., 2016) . 273
For the EEMS analysis, the genetic dissimilarity matrix was computed using the 274 mean allele frequency imputation method implemented in the R script 'str2diffs' 1 3 available from the EEMS GitHub repository. We used two different grid densities (200 276 and 300 demes) to assess sensitivity to grid resolution on the interpolation of effective 277 migration rates across a landscape. Four independent MCMC chains (500,000 278 generations/chain) were executed from different randomly initialized parameter states. 279
Chains were combined and assessed for convergence by plotting the trace of log posterior 280 probabilities against MCMC iterations after a 100,000 generation burn-in period. 281 282
Population demographic analyses 283
Demographic history was estimated using a stairway plot approach which infers changes 284 in population size over time using SNP frequency spectra, SFS (Liu & Fu, 2015) . To 285 reduce the effects of missing data and computational time, the SNP dataset was filtered to 286 include only loci that contained no more than 10% missing data. As input into the 287 stairway ploy analysis, a folded SFS was generated using 
IBD, IBE, and IBC 308
Results of the dbRDA analyses are summarized in Table 1 : Distance and Ancestry are the 309 only variables that show significant associations with genetic distance (p = 0.001 and 310 0.008 respectively). This is also reflected in high R 2 adj values (R 2 adj = 0.67 and 0.55 311 respectively). The significant correlation between Ancestry and genetic distance remains 312 When the dbRDA analysis was performed separately on the western dataset, Distance 317 remain significant (p = 0.001) while Ancestry is not (p = 0.08). There is no relationship 318 between genetic distance and Ancestry after controlling for Distance [p(Ancestry West | 319 Distance = 0.9; R 2 adj = -0.04). For the eastern dataset, Distance and Ancestry are 320 significant (p = 0.008 and 0.05 respectively) and Ancestry remain significant after 1 5 controlling for Distance [p(Ancestry East | Distance = 0.02; R 2 adj = 0.6). Both forward and 322 backward selection procedures select Distance and Ancestry as the only variables that 323 significantly explain genetic variation in the dataset, while Habitat contributes the least 324 (Table 2) . highly collinear (VIF > 20; Table 2 ). Because multicollinearity of independent variables 332 increases estimates of parameter variance that can result in failure to detect significance 333 in the model, these collinear variables were combined into a single variable, 334 "Environment." The dimensionality of the Environment variable was reduced using PCA 335 and the first two PCs that accounted for 91.3% of the total variance were retained. The 336 dbRDA analysis was then performed on the retained PCs but the results remain 337 insignificant [p(Environment) = 0.15; R 2 adj = 0.18] (Table 1) . 338
Using R 2 adj values from the RDA analyses, genetic differentiation was partitioned 339 into three components: (1) Distance (IBD) represented by "Distance;" (2) Environment 340 23% after controlling for Environment and Distance, while Environment and Distance by 345 themselves did not contribute to overall variation. A total of 70.5% of the explained 346 variation is confounded between the effects of Distance, Environment and Ancestry (Fig.  347   4A) . When the western and eastern lineages were analyzed separately, Distance and 348
Ancestry explain 79% of the total variation within the western lineage. However, 349
Distance contributes to most of this variation (53%) while Ancestry contributes 0%. A 350 total of 16% is confounded by a shared effect between Distance and Ancestry (Fig. 4B) . 351
Conversely for the eastern lineage, Distance only explains 12% while Ancestry explains 352 most of the variation (53%) (Fig. 4C) . 353
354

EEMS and demographic history 355
All MCMC chains for the EEMS analysis achieved convergence (Fig. S1 ). Plots of 356 observed versus fitted dissimilarities between and within demes show a strong linear 357 relationship (Fig. S1) , indicating that the EEMS model fits the data well. As expected, the 358 analysis using 300 demes shows better resolution and detects finer-scale differences in 359 migration and diversity estimates and is therefore retained for subsequent discussions. 360
The estimated effective migration surface derived from posterior mean migration rates 361 (m) shows that effective migration rates are higher than the overall average (highlighted 362 in blue) among populations within the western (Amolops larutensis) and eastern lineages 363 (A. gerutu + A. australis). Conversely, effective migration rates are lower than the overall 364 average (highlighted in orange) in areas separating eastern from western populations and 365 also separates the southern population from both eastern and western populations (Fig.  366 5A). Areas where effective migration rates are significantly higher or lower than the 1 7 overall average can be emphasized by highlighting areas where the posterior probability 368
Pr{m > 0} or Pr{m < 0} exceeds 90% and can be interpreted as areas representing 369 corridors and barriers to gene flow (Fig. 5B ). Diversity estimates are congruent with 370 migration rate estimates where corridor areas along the northwestern mountain range 371
show low diversity estimates (orange), while areas along the eastern and southern 372 mountain ranges show higher diversity estimates (blue) (Fig. 5C) . 373
The stairway plot analysis reveal two bottleneck events that severely reduces the 374 overall effective population size of Amolops (Fig. 6 ). These results are also supported by 375 the G-PhoCS analysis. The ancestor of Peninsular Malaysia Amolops has a large 376 population size (θ root = 120) that was drastically reduced when the western lineage (A. Table 3 ). These bottleneck events are corroborated by low observed heterozygosity 382 measures for the tree major lineages: west, east, and south ( Fig. 6 ; Table 3 ). 383 384 DISCUSSION 385
Biogeography 386
Our findings did not support the hypothesis that mountain ranges have played a strong 387 and direct role in the initial diversification of Malaysian Amolops. In fact, the distribution 388 of river basins explained significantly more variation. This was not unexpected given the 389 ecology of Amolops that is strictly associated with river systems. However, Mountains 1 8
and Rivers were also shown to be highly correlated, most likely because calculations of 391 river basins were predicated on a digital elevation model. These results show that 392 mountain ranges per se should not be considered strictly as a physical barrier to gene 393 flow, but instead be viewed as part of an interactive complex of environmental variables 394 (including river basins) that can have confounding effects on genetic variation. It should 395 also be noted that the values used to model dispersal resistance among mountains and 396 river basins were arbitrary due to the lack of empirical data on the dispersal attributes of 397 these species. The rejection of the mountain range hypothesis should therefore be 398 interpreted with caution pending more robust analyses. 399
Traditional expectations view the western, central, and eastern mountain ranges 400 (the southern range is usually considered as part of the eastern range) as separate 401 biogeographic units ( Fig. 2A) of habitat corridors between these ranges. However, our results show the presence of a 408 strong genetic barrier between the central and eastern ranges, and between the central and 409 southern ranges ( Fig. 2A) . These patterns of genetic isolation are also supported by 
Drivers of genetic differentiation 414
When western and eastern lineages were jointly analyzed, Distance significantly 415 contributed to the overall genetic variation (Table 1) . However, when the effects of 416 Environment and Ancestry were controlled for, Distance by itself did not uniquely 417 contribute to genetic variation but produced shared confounding effects with the other 418 variables (Fig. 4A ). Further insights into these confounding effects were gained when 419 western (Amolops larutensis) and eastern lineages (A. gerutu + A. australis) were 420 analyzed separately: for the western lineage, Distance was the main source of genetic 421 variation (53%) whereas for the eastern lineage, Distance only contributed 12%, 422
indicating that Distance had contrasting effects on the genetic variation of the two major 423 lineages. The differential effects of Distance can be due to the physiographic differences Ancestry was a significant component before and after accounting for spatial 440 autocorrelation and contributed 23% of the genetic variation when western and eastern 441 lineages were jointly analyzed (Fig. 4A ). However, when the dataset was analyzed 442 separately (western vs eastern), Ancestry was not significant universally, and did not 443 contribute towards the genetic variation of western populations. In contrast, Ancestry was 444 the main source of variation (53%) within the eastern lineage. These results suggest that 445 IBC was responsible for the initial diversification event that separated A. larutensis and 446 the MRCA of A. gerutu + A. australis, and subsequently for the diversification of A. 447 gerutu and A. australis. This was followed by secondary contact between eastern and 448 western populations at the contact zone ( Fig. 1) , which could explain the significant 449 negative correlation between Ancestry and Distance (Fig. 3) . 450 451
Modes of speciation 452
Strong signatures of IBC associated with the diversification of Amolops larutensis, A. 453 gerutu, and A. australis, coupled with insignificant contributions from IBE and IBD, 454 indicate that these species could have diverged via vicariant or founder effect speciation 455 (Mayr, 1942; Yeung et al., 2011; Runemark et al., 2012; Lawson et al., 2015) . One of the 456 theoretical expectations of a founder event is that effective population size changes 457 through time (Orsini et al., 2013b) . In a classic scenario, a small number of individuals 458 are isolated from the source population, resulting in a bottleneck that accelerates the 459 2 1 formation of novel allelic combinations via genetic drift (Mayr, 1954) . Reduction in 460 population sizes can also be caused by vicariance via range fragmentation (Perez et al., 461 2016) . The stairway plot and G-PhoCS analyses detected two bottleneck events 462 consistent with these scenarios and this was further corroborated by lower than expected 463 heterozygosity measures and severe reductions in population sizes in all three species. 464
However, these modes of speciation can be difficult to distinguish from one another 465 because both processes involve an ancestral distribution which is split into discontinuous 466 populations and subsequently prevented from exchanging genes (Mayr, 1963) . 
